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ABSTRACT
In this research the best techniques of fusion for near-
contemporaneous Synthetic Aperture Radar (SAR) and Auto-
matic Identification System (AIS) datasets are studied to sim-
ulate the expected performance from NovaSAR-1. Specifi-
cally, data association techniques are quantitatively compared
by performing a series of Monte Carlo tests. The evaluation
has been carried out using a satellite-based AIS dataset ac-
quired from the English Channel on 07 June 2016, and SAR
ship detections are simulated by reckoning the AIS dataset
forward in time along a geodesic on a WGS84 reference el-
lipsoid. Accurate data association is achieved using an m-best
multidimensional assignment technique, which is consistent
with being used in an operational environment, especially in
high-density shipping areas.
Index Terms— synthetic aperture radar, SAR, automatic
identification system, AIS, data fusion, data association,
space-based maritime surveillance, NovaSAR-1
1. INTRODUCTION
Space-based maritime surveillance has recently seen growing
interest on an international scale, partly due to its global cov-
erage capability and its independence of most meteorologi-
cal conditions provided by Synthetic Aperture Radar (SAR).
With the aid of the Automatic Identification System (AIS), the
combination of information from these two systems provides
the possibility of a global maritime surveillance system. The
AIS is a line-of-sight method of communication which pro-
vides and exchanges ship information (e.g. identity, position,
speed, dimensions, etc.) with other ships, shore-based sta-
tions and recently satellites in low-Earth orbit (LEO) [1]. The
advantage of fusing data from SAR and AIS sensors is the
increased ship detection probability. For example, coopera-
tive ships can be detected thanks to the self-reporting data of
the AIS, and non-cooperative ships, that have either lost their
AIS signal or are intentionally avoiding detection to perform
illicit activities, can be detected thanks to the independent,
observation-based data of the SAR sensor (see Fig. 1). This
is of great significance to the maritime community, especially
Fig. 1: Conceptual overview of a space-based maritime
surveillance system with co-located SAR and AIS sensors.
those involved in maritime safety and security, providing a
comprehensive picture of human activities at sea.
In areas of research which utilise data fusion techniques,
the core challenge is the spatial and temporal matching of
datasets, especially if their data types are heterogeneous. The
ability to reliably associate SAR and AIS datasets largely
comes down to the temporal difference or “temporal gap”
between corresponding sensor acquisitions. With the UK’s
first spaceborne SAR mission, NovaSAR-1 [2], the challenge
of fusion with temporally diverse data is thought to be elim-
inated due to the SAR and AIS sensors being co-located on
the same platform. However, a further challenge is the data
association of SAR and AIS datasets in high-density shipping
areas. The data association step is the cornerstone of the
surveillance system and is the process of linking measure-
ments, such as SAR ship detections and AIS observations,
deemed to be of a common origin. Ships detected in SAR
imagery can be wrongly associated with AIS observations in
congested areas (e.g. near ports and shipping lanes) and result
in an erroneous and/or inaccurate maritime picture. The data
association of SAR and AIS datasets has been predominately
carried out using the well-known nearest neighbour (NN)
technique (e.g. [3–5]). The attraction of the NN method is its
simplicity, both conceptually and computationally, where as-
sociations are made based on the minimum distance between
SAR ship detections and AIS observations. While appropri-
ate for a single target or widely separated targets (i.e. open
ocean), its performance degrades rapidly in closely-spaced
or dense situations in terms of the level of correspondence
of the data. As such, the NN technique and its variants are
suboptimal in addressing the problem of SAR and AIS data
association in high-density shipping areas. Unconventional
techniques which aim to solve the above problem include
the global nearest neighbour (GNN) [6] and point set regis-
tration [7] techniques, which are the motivation for the next
section.
2. METHODOLOGY
In this section, solutions to the data association problem are
discussed. The problem of SAR and AIS data association
is first described in terms of the optimal assignment prob-
lem, where the distance for each SAR-AIS pair is computed
and the associations (or “assignments”) are made by min-
imising the sum of the total distances for all possible pair-
ings. This technique is used extensively in multitarget track-
ing (MTT) and is often referred to as the global nearest neigh-
bour (GNN) approach to data association [8]. This technique
is then extended to establish an m-best multidimensional as-
signment technique. Next, the association of SAR and AIS
point targets are treated similar to the registration of point
sets, which is a common problem found in computer vision
where the correspondences between the point sets are un-
known a priori.
2.1. The 2-D assignment problem
The 2-D assignment problem is a special type of optimisa-
tion problem which was first considered in economics, where
common problems included assigning personnel to jobs and
delivery vehicles to locations. The objective in these prob-
lems is to minimise the cost (or maximise the profit) using
the available resources. Initially, linear programming tech-
niques [9, 10] were used to solve the assignment problem,
but as the assignment problem became relevant to other fields
such as tracking, improved techniques evolved [11]. In the
example of assigning personnel to jobs, assuming the total
number of people and jobs are equal, the objective function
for the assignment problem can be represented as
min
n∑
i=1
n∑
j=1
Cijxij (1)
subject to
n∑
j=1
xij = 1, i = 1, ..., n (2)
n∑
i=1
xij = 1, j = 1, ..., n (3)
where Cij is a matrix whose elements give the cost of assign-
ing the ith person to the jth job, xij = 1 if job j is assigned
to person i and xij = 0 otherwise. The constraints shown
in Eq. 2 and Eq. 3 indicate that for each job only one person
can be assigned (and vice versa), i.e., a one-to-one constraint.
In the context of SAR and AIS data association, the xij ele-
ments are the SAR-AIS pairs to be found and the cost (total
distance) is that which is to be minimised. The cost func-
tion can include not only positional information but kinematic
and static information derived from SAR and reported by AIS
(e.g. the ship’s speed, heading, width and length) to enhance
the results. Similar to the first example, the assignment is sub-
ject to the same one-to-one constraint, i.e., only one SAR ship
detection can be assigned to one AIS data point or track and
vice versa. In this paper, the Jonker and Volgenant (JV) al-
gorithm [11] is selected to provide an optimal solution to the
assignment problem.
2.2. The m-best 2-D assignment problem
In the m-best 2-D assignment problem, not only is the single
best assignment found but also the top m-best assignments
(rank-ordered) [8]. The advantage of using an m-best tech-
nique over a single-best technique is that an additional (or
auxiliary) assignment can occur for the m-best assignments
based on kinematic and static information derived from SAR
and reported by AIS. This multidimensional approach to data
association allows for an improved confidence level in the
SAR-to-AIS assignments.
2.3. Geometric alignment
Here, the data association is formulated as a point set registra-
tion problem, which is based on the RANdom SAmple Con-
sensus (RANSAC) algorithm [12]. The RANSAC algorithm
is a robust method, able to deal with a large proportion of out-
liers, which returns a 2-D geometric or spatial transformation
that optimally aligns SAR ship detections to AIS-reported po-
sitions. Specifically, the algorithm can determine a similar-
ity, affine or projective transformation of the two-dimensional
AIS positions (i.e. latitude and longitude coordinates) to best
conform them to the SAR positions.
3. RESULTS
The performance and feasibility of the data association tech-
niques discussed above are now quantitatively compared by
performing a series of Monte Carlo tests.
3.1. Data description
3.1.1. AIS dataset
The AIS dataset is extracted from data provided by exactEarth
Ltd, which was acquired from the English Channel on 07 June
2016. The data is first filtered to obtain 107 unique ships
(point targets) with non-zero dimensions and speed, where
tracks and ships anchored in port are not considered. The
mean, µ, and standard deviation, σ, are calculated for the
speed over ground (SOG), length and width data fields. For
the strongly non-uniform heading data, the median and in-
terquartile range (IQR) are given. Histograms are shown in
Fig. 2 below which can be used to simulate the SAR ship de-
tections (described next).
(a) µ = 14.2 kts; σ = 5.2 kts (b) median = 252°; IQR = 174°
(c) µ = 155 m; σ = 80 m (d) µ = 24 m; σ = 12 m
Fig. 2: Histograms for the (a) SOG (b) heading (c) length and
(d) width data derived from the AIS dataset, with respective
statistical values. For each histogram, the probability density
function (pdf) of the kernel distribution is fitted to the data.
3.1.2. SAR dataset
To simulate SAR ship detections, the AIS dataset is reckoned
forward in time. The reckoning process calculates new po-
sitions along a geodesic on a WGS84 reference ellipsoid as-
suming constant speed and heading. It is assumed that the
speed and heading of a ship remains relatively constant when
the reckoning time is on the order of a few minutes. By reck-
oning the AIS dataset forward in time, the performance of
the algorithms can be measured as a function of the temporal
difference (or gap) between the sensors’ acquisition time.
3.2. Performance of algorithms
A series of Monte Carlo tests are performed to measure the
performance and robustness of the algorithms. The perfor-
mance of the algorithms are compared by defining the assign-
ment accuracy, which is the percentage of correct correspon-
dences between the two datasets. Because the data are simu-
lated, the correct correspondences are known a priori. To pro-
duce the random element in the Monte Carlo tests, the speed
and heading for each ship are changed every iteration accord-
ing to the statistical distributions derived from the AIS dataset
(see Fig. 2). Fig. 3 and Fig. 4 show the assignment accuracy as
a function of the temporal gap, ∆T , and number of ships, n,
respectively, for the NN, JV and RANSAC algorithms1. The
measured assignment accuracy of the respective algorithms is
based first on position, where the distance metric used to pop-
ulate the cost matrix (Eq. 1) is the geodesic distance between
the SAR and AIS positions (assuming a WGS84 reference el-
lipsoid). Additionally, for all algorithms an equal amount of
SAR and AIS data points are considered.
The JV algorithm is then extended to an m-best technique
where the 3-best assignments (i.e. m = 3) are found for a
given ship. For each misassignment in the top-ranked results,
its reported length and width are compared to the next two
best assignments’ length and width; if there is a correct match
to either the second or third best assignment, the misassign-
ment is updated to the correct result. The m-best technique is
also evaluated for unequal SAR and AIS data points (dashed
line in Fig. 3), where a third of the AIS data points are re-
moved. The algorithm maintains a high assignment accuracy
in the presence of missing data and SAR ship detections with
no correspondence are flagged as ‘unassigned’.
The assignment-based techniques (GNN) such as the JV
algorithm offer the best performance, both in terms of asso-
ciation accuracy and computational performance. In partic-
ular, the m-best multidimensional assignment technique out-
performs conventional techniques found in the literature on
average by 11% in terms of association accuracy and baseline
GNN algorithms are over 40 times faster in execution time2.
In contrast, the RANSAC algorithm performs poorly in terms
of average assignment accuracy. It is conjectured that com-
mon transformations such as similarity, affine and projective
transformations are ill-suited in describing the trajectory of a
fleet of ships for a temporal gap greater than a few minutes.
Moreover, by using a multidimensional approach, i.e., using
auxiliary information such as ships’ heading, dimensions, etc.
a greater level of correspondence of the data is achieved and
non-cooperative or “rogue” shipping can be better identified.
The m-best multidimensional assignment technique is consis-
tent with being used in an operational environment, especially
in high-density shipping areas, where the execution time is in-
dependent of ∆T and follows a second order polynomial fit
with n. Specifically, the execution time is consistently less
than 0.5 s for a ∆T of 0-10 mins and ranges from approxi-
mately 0.01-8 s for 4-107 ships in the scene.
1All algorithms have been implemented in the MATLAB® environment.
2CPU: Intel® Core™ i5-6500 @ 3.20 GHz (quad core).
Fig. 3: Average assignment accuracy of the respective algo-
rithms as a function of the temporal gap, ∆T , for n = 30. For
each increment (i.e. for every 10 s), the assignment accuracy
results comprise an average over 102 iterations.
Fig. 4: Average assignment accuracy of the respective algo-
rithms as a function of the number of ships, n, for ∆T = 60 s.
For each increment (i.e. for every 1 ship), the assignment ac-
curacy results comprise an average over 102 iterations.
4. CONCLUSIONS AND FUTUREWORK
It is suggested that assignment-based data association algo-
rithms should be used for the task of SAR and AIS data as-
sociation for NovaSAR-1. In particular, an m-best technique
using the JV algorithm is worth further investigation; closely
spaced targets may be accurately associated using nonspatial
attribute (or auxiliary) data rather than relying solely on spa-
tial data association. In future work, the m-best technique will
be extended to include other auxiliary information such as the
kinematic information as well as improving its computational
performance. Similarly, other areas worth investigating in-
clude testing different distance metrics which are used to pop-
ulate the cost matrix since, as described in [8], the primary
source of the computational workload depends on computing
the cost coefficients of the assignment problem.
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